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Quantifying the virality of cascades is an important question across disciplines such as the trans-
mission of disease, the spread of information and the diffusion of innovations. An appropriate
virality metric should be able to disambiguate between a shallow, broadcast-like diffusion process
and a deep, multi-generational branching process. Although several valuable works have been ded-
icated to this field, most of them fail to take the position of the diffusion source into consideration,
which makes them fall into the trap of graph isomorphism and would result in imprecise estimation
of cascade virality inevitably under certain circumstances.
In this paper, we propose a root-aware approach to quantify the virality of cascades with proper
consideration of the root node in a diffusion tree. With applications on synthetic and empirical
cascades, we show the property and potential utility of the proposed virality measure. Based on
preferential attachment mechanism, we further introduce a model to mimic the growth of cascades.
The proposed model enables the interpolation between broadcast and viral spreading during the
growth of cascades. Through numerical simulations, we show the effectiveness of the proposed
model in characterizing the virality of growing cascades. Our work contributes to the scientific
understanding of cascade virality and growth, and could offer practical implications in a range of
policy domains including viral marketing, infectious disease and information diffusion.
I. INTRODUCTION
Spreading is a ubiquitous process across disciplines.
Conceptually, many spreading processes can be viewed as
tree-like cascades, including the retweeting or resharing
of news in online social networks [1–5], the generated
discussion threads in online boards [6–8], the outbreak or
transmission of diseases [9–12], and the diffusion of new
products or services [13–16]. For instance, in a discussion
thread, comments and the reply-to actions between them
can be represented as nodes and edges in a rooted tree
with the original post act as the root [8].
In some cases, a single node could directly account for
a large proportion of the whole diffusion process, which
is a typical characteristic in the media broadcast indus-
try; while in others, diffusion is more likely to be driven
by word-of-mouth mechanism and circulates in a viral
way, where each node only accounts for a small frac-
tion of the whole diffusion process [1]. For example, one
NBA Christmas game is able to attract millions of views
through merely broadcast, but one tweet could reach mil-
lions as well through viral spreading.
As the backbone of so many diffusion processes, cas-
cade structure yields a valuable source to learn the extent
to which a cascade grows in a broadcast (or breadth-
first) or viral (or depth-first) way. From the view of tree
traversal, we can simply interpret broadcast cascade as
a result of “breadth first search” and viral cascade as a
result of “depth first search”. In this regard, there have
been several important attempts to quantify the virality
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of cascades [1–3, 13], where the more viral of a cascade,
the larger of this virality quantity would be. However,
unlike many other undirected graphs, once the root of a
cascade is identified, the direction of its growth or flow is
thus determined: from the root node to its descendants
(see Fig. 1, (a)-(d)). In other words, rooted cascades are
actually directed graphs, rather than undirected graphs.
For example, rooted cascades in Fig. 1 (a)-(d) exhibit
distinct structures, and thus should have different virality
scores, but if the root nodes are overlooked, they are
deemed as the same structure under graph isomorphism
(Fig. 1 (e)). More such examples are illustrated in Fig.
2. For ease of visualization, the directed ties in each
rooted cascade are not shown hereafter, as the existence
of the root node already implies the direction of the flow.
Therefore, it’s anticipated that ignoring the root node
and simply regarding cascades as undirected trees would
inevitably result in imprecise estimation of the virality of
cascades under certain situations.
To remedy this, a root-aware approach is proposed to
quantify the virality of cascades in this paper. Specifi-
cally, instead of computing the average distance between
(b) (c) (d)?a?
rooted
(e)
unrooted
FIG. 1. Examples of rooted cascades and the corresponding
unrooted cascade. The root node is colored in orange in each
rooted cascade.
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FIG. 2. Unrooted cascades versus the corresponding rooted
cascades. For illustration purpose, only cascades of size less
than or equal to 5 are shown. The diffusion source is colored
in orange in each rooted cascade. For ease of visualization,
the directed ties in each rooted cascade are not shown.
all pairs of nodes in a cascade tree (which is also termed
Wiener index or Structural virality [1]), we calculate the
average distance between a node and its descendants, and
summing the computed distances over all nodes yields the
amended virality of a cascade. The proposed approach
can operate in a recursive manner, and is able to provide
high-resolution depiction of cascade virality.
In light of preferential attachment mechanism [8, 17–
22], this work further presents a cascade growth model
based on node genealogy instead of merely node degree.
Specifically, the genealogy of a given node is defined as
the subtree rooted at this node and contains only the
given node itself and its descendants, and the probabil-
ity that a new node attached to an existing node depends
on the genealogy size of the target node at different gen-
erations. Through numerical simulations, we show the
benefits brought by genealogy-based modeling compared
with degree-based modeling. Leveraging empirical data
from five online discussion communities, we further verify
the potential utility of the proposed model in capturing
the virality landscape of online discussion threads.
II. CASCADE VIRALITY
A. Algorithm
Quantifying the virality of cascades is a challenging
task as it synthetically considers not only the size but
also the depth and branches of a given cascade tree. Goel
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FIG. 3. Algorithm for quantifying cascade virality. To obtain
the virality VT of a tree T , we imagine the tree is rooted at
node u. Once node u is removed, the tree would split into
multiple subtrees (two subtrees in the given example), each
rooted at one of u’s children (which are v and w in the case).
Repeat the root node removal process step by step, until no
more nodes have any descendants. Count the average path
length between root nodes (which are u, v and w in the case)
and their descendants, then add them up immediately yields
the desired VT .
et al. [1] address this issue by introducing Wiener Index,
which quantifies the average distance between any two
nodes in a cascade tree, as the desired virality measure
which they term Structural Virality. This attempt makes
important advancement in quantitatively depicting the
extent to which a cascade is viral, but it fails to account
for the root of a cascade and inherently treats the cas-
cade as an unrooted tree, thereby hindering its ability to
differentiate cascades which are actually non-isomorphic
but will be isomorphic if mistakenly represented by un-
rooted trees (See Fig. 1 and Fig. 2). To remedy this and
more precisely quantify the virality of cascades, we pro-
pose a root-aware approach. The obtained virality score
is then named as Cascade Virality.
Specifically, the cascade virality of a rooted tree is
quantified by the sum of the average path length between
nodes and their descendants. Formally, for a rooted cas-
cade tree T of size N (N ≥ 2), the cascade virality of T
is
VT =
N∑
i=1
d¯i, (1)
where
d¯i =
∑
j∈Di
dij/|Di|, (2)
dij denotes the distance from node i to one of its descen-
dant j, Di is the set of descendants of node i and | ∗ |
represents the size of a set.
A schematic of the above process is shown in Fig. 3.
Starting from the root node u, the average distance from
node u to its descendants is counted, denoted as d¯u =
ave(1, 2, 2, 1, 2) = 1.6 (Fig. 3(b)); Suppose that node
u is then removed, thus resulting in two subtrees with
node v and w (i.e., child nodes of node u) act as new
root node for each subtree; The average distance from
node v and w to their descendants are then computed
374.924.334.253.52.752.52.251VT
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FIG. 4. Cascades and the corresponding cascade virality
scores (shown below each cascade).
as d¯v = ave(1, 1) = 1 (Fig. 3(c)) and d¯w = ave(1) = 1
(Fig. 3(d)); Repeat the above node removal and average
path length calculation process, until no more nodes have
any descendant (Fig. 3(e)). The cascade virality of T ,
VT , is finally obtained by the sum over all the calculated
average path length d¯, which is d¯u + d¯v + d¯w = 3.6 in
the given example (Fig. 3). Also note that the proposed
approach to quantify the cascade virality of a rooted tree
is easy to implement in a recursive manner, which enables
the time complexity in the actual execution. A Python
implementation of this approach is freely available online
[23].
The obtained cascade virality has good properties. Fig.
4 illustrates the obtained virality of rooted cascades of
size 5 in an increasing order of cascade virality. For to-
tally broadcast cascade (e.g., Fig. 4(a)), the virality is
minimized and should be 1, as the root node directly
connects all other nodes. For totally viral cascade of size
N (e.g., Fig. 4(i)), the virality is maximized and should
be (N − 1)(N + 2)/4, as the cascade tree is ultimately a
path graph with the root node located at one end. For
any other type of cascade, the virality of it locates at
the range [1, (N − 1)(N + 2)/4] (Proof can be found
in Appendix A). It’s also anticipated that, for cascades
with a fixed size, cascades with larger generations (i.e.,
depths) are generally more viral than their counterparts
with smaller generations. For example, as shown in Fig.
4, cascades with a depth of 3 (Fig. 4 (f)-(h)) are gener-
ally more viral than cascades with a depth of 2 (Fig. 4
(b)-(e)) and cascade with a depth of 1 (Fig. 4 (a)).
B. Application on empirical cascades
1. Virus strains
We first apply cascade virality on the phylogeny of
virus strains. Fig. 5 shows the phylogenetic tree of two
viruses–one is the ongoing novel coronavirus COVID-
19 in the region of Asia (denoted as COVID-19/Asia)
and the other is the influenza H1N1pdm (denoted as
flu/H1N1pdm)–obtained from Nextstrain [11]. Note that
the leaf nodes represent the sampled strains, while the
rest of nodes represent inferred common ancestors, and
edges indicate the evolutionary relationships [11, 24].
Intuitively, flu/H1N1pdm tends to evolve in a more
viral way than COVID-19/Asia. In fact, the quantified
virality of flu/H1N1pdm cascade (with 3769 nodes and
flu/H1N1pdm
COVID-19/Asia
FIG. 5. Example cascades of virus evolution. The upper
and lower diagrams show the sampled genomic epidemiology
of the novel coronavirus COVID-19 pandemic in Asia and the
influenza H1N1pdm, respectively.
virus size depth virality
COVID-19/Africa 2646 37 2888.97
COVID-19/Asia 3431 30 3635.84
COVID-19/Europe 8241 51 8379.32
COVID-19/North-America 6309 42 6057.99
COVID-19/Oceania 3833 36 3895.62
COVID-19/South-America 2696 34 2847.81
flu/H1N1pdm 3769 65 5021.89
flu/H3N2 3826 71 6592.46
flu/Victoria 3140 66 3827.23
flu/Yamagata 2654 48 2877.85
TABLE I. Quantifying cascade virality on the phylogeny of
virus strains.
65 generations) is 5021.89, while the quantified virality
of COVID-19/Asia cascade (with 3431 nodes and 30 gen-
erations) is 3635.84. More detailed descriptions of evo-
lutionary cascades of COVID-19 in six continents and
four kinds of influenza viruses are further shown in Ta-
ble I [25]. Based on the obtained data, we find that flu
strains evolve into more generations than currently avail-
able COVID-19 strains since three out of four flu cascades
go beyond the depth of 60 but no regional cascades of
COVID-19 do so in current stage. Except for two large
COVID-19 cascades in Europe and North America, the
rest of COVID-19 cascades seem less viral than flu cas-
cades. Nevertheless, it’s foreseeable that the virality of
COVID-19 cascades would increase dramatically in fu-
ture if the rapid proliferation of COVID-19 is still out of
control around the global.
2. Discussion cascades
The obtained cascades of virus strains can be consid-
ered as very rare events, we then apply cascade virality on
very general cases with large-scale online discussion data
4(a) (b) (c)
FIG. 6. Analysis of discussion cascades. (a) CCDF (Complementary Cumulative Distribution Function) of cascade size. (b)
CCDF of cascade depth. (c) CCDF of cascade virality.
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FIG. 7. Contour plot of cascade virality versus cascade size and depth. Color areas in each panel represent cascade virality
scores in each domain, and darker regions indicate higher cascade virality scores.
as examples. A discussion thread can be structurally rep-
resented as a rooted cascade tree, where the root node
denotes the post itself while each other nodes denotes a
comment under this thread [21]. Leveraging discussion
cascade data from five online communities in Reddit–a
social news aggregation and discussion website–we con-
duct an analysis of cascade virality and its relation with
cascade size and depth.
The dataset includes discussion cascades in five on-
line domains, namely r/conspiracy, r/history, r/sports,
r/science and r/Bitcoin, in the year of 2017 [26]. There
are 344 396 cascades in total, including 133 917 in con-
spiracy, 16 741 in history, 23 178 in sports, 23 871 in
science and 146 689 in Bitcoin. The CCDFs (Comple-
mentary Cumulative Distribution Functions) of cascade
size, depth and virality are shown in Fig. 6. As we can
see from the figure, most of the cascades have a size of
less than 100 (Fig. 6(a)) and a depth of less than 10
(Fig. 6(b)) across domains. We also note that conspir-
acy cascades are generally more viral than other kinds of
cascades like science and sports (Fig. 6(c)).
With a further exploration to the empirical cascade
data, we find that both cascade size and depth empiri-
cally contribute to an increase of cascade virality across
domains (Fig. 7). As shown in Fig. 7, cascade virality
scores become larger and larger from the lower left to
the upper right of the graph in each subplot. In other
words, for cascades with equal sizes, those whose depths
are deeper tend to have higher cascade virality scores.
Likewise, for cascades with equal depths, those whose
sizes are larger are also more likely to have higher cas-
cade virality scores. In summary, in light of the discus-
sion cascades from five online domains, we find empiri-
cal evidence that cascade virality is positively correlated
with both cascade size and depth.
III. MODELING CASCADE GROWTH
A. Preferential attachment
Preferential attachment, especially for BA (Baraba´si-
Albert) preferential attachment, has been widely adopted
to model the growth of complex networks [17–19, 24, 27–
31]. Specifically, it assumes that, at each time step,
the probability that a new coming node added to node
i is proportional to node i’s degree ki in the network.
Namely,
pi =
ki∑
j kj
, (3)
where kj denotes the degree of node j and the sum is
over all nodes already present in the network. The lin-
ear preferential attachment kernel could result in many
interesting network properties, such as the power law dis-
tribution in terms of node degree. The preferential at-
tachment to high-degree nodes could also lead to the well
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FIG. 8. (a) Schematic of broadcast versus viral spreading.
(b) Genealogy of a cascade tree. Root node is shown in color,
and dashed lines indicate different genealogy levels of the root
node (node 1).
know “the rich get richer” phenomenon.
More generally, one might consider a non-linear at-
tachment kernel, where the attachment is proportional
to node’s degree raised to the power γ,
pi =
kγi∑
j k
γ
j
. (4)
Clearly, γ = 1 recovers classical preferential attachment
model while γ = 0 yields uniform attachment model.
As one special case of complex network, a tree-
structure network is achieved when each new node only
connects to one (instead of multiple) existing node [18].
Recalling the way we quantify cascade virality, it’s antic-
ipated that during the growth of a cascade, new node at-
tachment to long-range leaf nodes would result in a more
viral cascade than the attachment to the root node (Fig.
8(a)). To mimic the growth of cascades and particularly
control the virality of cascades during the growth pro-
cess, we propose a genealogy-based preferential attach-
ment mechanism inspired by classical degree-based at-
tachment kernel. We will illuminate the proposed model
in detail below.
B. Preferential attachment based on genealogy
For a cascade tree, once the root node is determined,
the genealogy of it is readily available. Note that, for
any node in a cascade tree, the genealogy of it can be
represented by a (sub)tree rooted at itself.
Fig. 8(b) illustrates such an example tree rooted at
node 1, where the genealogy levels of node 1 are denoted
by g. Specifically, nodes 2-8 are all descendants of node
1, resulting in a genealogy of size 8 for node 1 (including
node 1 itself), while only nodes 3 and 5-8 are node 2’s
descendants in the rooted tree, thus resulting in a geneal-
ogy of size 6 for node 2 (including node 2 itself). More
importantly, the genealogy of node 1 at level 1 includes
nodes 1, 2 and 4, resulting in a genealogy of size 3 at this
level; while the genealogy at level 2 includes two more
nodes (nodes 3 and 5), suggesting a genealogy of size 5
at this level. Similarly, for genealogy of node 2, there are
three nodes (nodes 2, 3 and 5) at level 1 and six nodes
(nodes 2, 3 and 5-8) at level 2.
Formally, for node i in a cascade tree, the complete
genealogy of it contains itself and all the descendants of
it, but the genealogy at level g contains itself and its
descendants within g generations only. For the sake of
consistency, the complete genealogy is also denoted as
genealogy at level max.
Here, we propose a genealogy-based preferential at-
tachment model, where new node attachment relies on a
node’s genealogy size at specific genealogy levels instead
of degree. Namely,
pi =
dig∑
j djg
, (5)
where djg is the genealogy size of node j at level g. Eq.
(5) describes a linear attachment kernel, and more gen-
erally we have
pi =
dγig∑
j d
γ
jg
, (6)
where parameter γ controls the attachment intensity.
Clearly, γ = 1 recovers the linear attachment ker-
nel while γ = 0 recovers the uniform attachment ker-
nel. When γ > 1, the attachment kernel becomes super-
linear, while in the interval 0 < γ < 1, the attachment
kernel becomes sub-linear. For γ < 0, the model favors
homogeneous attachment where new coming nodes are
preferentially attached to existing nodes with small ge-
nealogy sizes.
It’s anticipated that in the limit γ → +∞, the model
would generate totally broadcast cascade tree, where the
root node directly connects all other nodes. In the limit
γ → −∞, the model would generate totally viral cascade
tree, where each node has one successor only except for
the last node which acts as leaf node.
FIG. 9. Synthetic cascades when the complete genealogy
is considered in linear attachment kernel (i.e., γ = 1 for
genealogy-based kernel at level max). Taking cascades of size
100 for illustration purposes only.
6FIG. 10. Synthetic cascades when the complete ge-
nealogy is considered in the attachment kernel with γ ∈
{5.0, 1.5, 1.0, 0.5, 0.2, 0,−0.2,−2.5,−10.0} (from top left to
bottom right). Taking cascades of size 100 for illustration
purposes only.
IV. RESULTS
A. Numerical results on synthetic cascades
We numerically evaluate the effect of parameter γ in
driving the virality of cascades. For ease of elaboration,
we set the cascade size as 100 when constructing syn-
thetic cascades.
In Fig. 9, we show the cascades generated by the linear
attachment kernel based on complete genealogy size. As
shown in the figure, the generated cascades tend to con-
dense on nodes at low depths (particularly on the root
node), where the number of successors diminishes with
the increase of distance from the root node.
We further show the generated cascades based
on complete genealogy with the varying γ ∈
{5.0, 1.5, 1.0, 0.5, 0.2, 0,−0.2,−2.5,−10.0} in Fig. 10.
When γ is set by large positive values, such as 5.0 in
the example, the generated cascade will condense com-
pletely on the root node, which corresponds to a totally
broadcast cascade. With the decrease of γ, the condensa-
tion state diminishes gradually and even becomes trivial
for negative values of γ. When γ is set by negative values
with large magnitude, such as -10 in the given example,
the generated cascade will form a long path with the root
node located at one end, which corresponds to a totally
viral cascade. Synthetic cascade examples based on de-
gree attachment kernel can be found in Appendix B.
We further numerically investigate the relationship be-
tween cascade virality and parameter γ in different cas-
cade growth models. We consider not only the complete
genealogy size but also genealogy at level 1 and classic de-
gree based attachment kernel. Specifically, cascade size
is set as 100, γ is set in the range of [-15, 10] with a
step of 0.1, and 100 cascades are generated under each
parameter γ.
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FIG. 11. Cascade virality versus parameter γ according
to different growth mechanisms (using cascades of size 100
for illustration). Cascade virality bounds are shown in grey
dashed horizontal lines. Shading areas (in grey) indicate boot-
strapped 95% confidence intervals obtained from 100 random
simulations under each parameter γ. As shown in the figure,
classic degree-based mechanism cannot exhaust the complete
virality space.
In Fig. 11, we show the cascade virality with the in-
crease of γ. Note that, for cascades of size 100, their viral-
ity scores are located at the range [1, 2524.5]. The upper
and lower bounds are shown in grey dashed horizontal
lines in the figure. Clearly, cascade virality decreases
with the increase of parameter γ in each model, but
classic degree-based kernel cannot exhaust the complete
virality space. With the increase of γ, two genealogy-
based models ultimately converge to completely conden-
sate state, which is not observed for degree-based kernel.
Intuitively, genealogy-based models provide much more
strong representation power in generating cascades with
varying virality.
B. Numerical results on empirical cascades
We test the performance of cascade growth models on
empirical cascades described above. For each real cas-
cade, a synthetic cascade with the same size is generated
according to each growth model. We than compare the
virality of generated cascades with that of real cascades in
terms of the distribution of virality scores. The compar-
ison can be done by KS (Kolmogorov-Smirnov) statistic
between the generated cascade virality scores and real
cascade virality scores.
The KS statistic of two distributions is given by the
maximum discrepancy between their cumulative distri-
bution functions (CDFs), and has been applied in assess-
ing the goodness of fit between two degree distributions
[24, 32]. Generally, smaller KS statistic favors better fit.
Given the empirical virality distribution, we estimate γ
by minimizing the KS statistic averaged over ten random
simulations under each parameter γ. The optimal γ for
each model under each community is chosen as the γ that
7conspiracy history sports science Bitcoin
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FIG. 12. KS-statistic versus parameter γ in numerical simulations. KS-statistic measures the maximum discrepancy between
the cumulative distribution functions (CDFs) of two virality distributions: the empirical virality distribution and the generated
virality distribution. Shading areas indicate bootstrapped 95% confidence intervals obtained from ten random simulations.
results in the minimum KS statistic over the parameter
space.
For ease of computation, cascades whose sizes are
larger than 100 or the 95th percentile, whichever is
greater, are omitted in the analysis. Cascades of size
2 are also not included as any cascade growth model
can exactly generate the same kind of cascade of size
2. Fig. 12 presents the results for degree, genealogy-1
and genealogy-max based models, where smaller mini-
mum KS statistic indicates better model under each com-
munity.
As shown in the figure, the minimum KS statistics
achieved by degree-based model are larger than 0.95
across all five domains, while genealogy-based models
show better performance with the minimum KS statis-
tics all less than 0.95. Specifically, genealogy-1 achieves
better performance than genealogy-max, suggesting that
new node attachment during the growth of such cascades
may be primarily driven by the size of the direct descen-
dants plus the specific node itself, rather than by the size
of the complete descendants.
In summary, leveraging dataset of discussion cascades
from five online domains, we demonstrate the perfor-
mance of genealogy-based models to mimic the growth
of cascades.
V. CONCLUSION
In this work, we introduce a root-aware approach to
quantify the virality of cascades. The proposed ap-
proach considers cascades as directed instead of undi-
rected graphs, thus avoiding the pitfall of graph isomor-
phism that previous studies have fallen into due to the
overlook of cascade source. Using synthetic and empir-
ical cascades, we show the property and utility of the
proposed approach and particularly the relationships be-
tween cascade virality and cascade size and depth. In
doing so, we find that both cascade size and depth em-
pirically contribute to an increase of cascade virality from
the obtained large-scale discussion data.
To mimic the growth of cascades as an interpolation
between broadcast and viral proliferation, we further in-
troduce a cascade growth model inspired by preferential
attachment mechanism. Specifically, the attachment ker-
nel is constructed based on node genealogy rather than
node degree. With the decrease of the attachment inten-
sity, the generated cascade grows from a broadcast to a
viral way. Numerical simulations on synthetic and em-
pirical cascades reveal the advantage of genealogy-based
attachment kernel over degree-based attachment kernel
in characterizing the virality of cascades.
Our work contributes to a further understand of how
to quantify the virality of cascades and provides a rich
avenue for compelling applications. For example, as we
have demonstrated in the main text, conspiracy and sci-
ence cascades display quite different patterns in the dis-
tribution of cascade virality. As such, the proposed ap-
proach to quantify cascade virality may provide additive
power to distinguish different types of cascades. More-
over, as shown in the paper, the attachment kernel signif-
icantly affects the growth and virality of cascades, which
8may offer valuable insights to the implementation of viral
marketing in practice. In this work, we mainly address
tree-structure cascades, but future works may consider
more complex diffusion structures, such as the locally
tree-like diffusion process which is prevalent in network
spreading. We have applied the proposed measure to cap-
ture the virality of COVID-19 and influenza strains, but
future works can directly apply it on infection data (once
such data are available) to have a better understand of
the spread of virus.
Appendix A: Property of Cascade virality
For a cascade T of size N(N ≥ 2), the cascade virality
of it satisfies the following: 1 ≤ VT ≤ (N−1)(N +2)/4.
Proof:
1. Extreme case when the cascade virality is mini-
mized: a star graph with the root located at the
hub (i.e., totally broadcast), and the correspond-
ing virality of the cascade is VT = 1;
2. Extreme case when the cascade virality is maxi-
mized: a path graph with the root located at one
end (i.e., totally viral)
• For a complete path cascade T of size 2, the
cascade virality is 1;
• For a complete path cascade T of size N(N ≥
3), the cascade virality is VT = 1 +
1+2
2 + ...+
1+2+...+(N−1)
N−1 = 1+
3
2 + ...+
N
2 =
2+3+...+N
2 =
(N−1)(N+2)
4 ;
Taken together, we have: for a complete path
cascade T of size N , its cascade virality is
VT =
(N−1)(N+2)
4 .
Therefore, for a cascade T of size N(N ≥ 2), the
cascade virality of it should lie between 1 and (N−
1)(N + 2)/4.
Appendix B: Synthetic cascades based on degree
attachment kernel
FIG. 13. Synthetic cascades according to degree-based linear
attachment kernel (i.e., γ=1). Taking cascades of size 100 for
illustration purposes only.
FIG. 14. Synthetic cascades according to
degree-based preferential attachment with γ ∈
{5.0, 1.5, 1.0, 0.5, 0.2, 0,−0.2,−2.5,−10.0} (from top left
to bottom right). Taking cascades of size 100 for illustration
purposes only.
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